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Abstract
This short paper argues that rationally motivated coordination between agents is an im-
portant ingredient to understand the current economic crisis. We argue that changes in
parameters that model the structure of a macro-economy or financial markets are not ex-
ogenous but arise as agents adopt rules that appear to be the norm around them. For
example, if a rule is adopted by the majority of ones’ neighbors it will become acceptable
or, alternatively, if agents learn that changing their rule leads to greater gains, they will
modified their rules. However, as rules develop and spread they may have consequences at
the aggregate level which are not anticipated by individuals. These rules may be adopted
by implicit consensus as they turn out to be profitable for individuals, but they may also
weaken the constraints imposed by regulators. Indeed, the emergence of new rules or the
modification of old ones may render the whole system more fragile, which may then cease
to function. To illustrate this we develop a simple model, motivated by the 2007-2008
crisis in credit derivatives markets, to show how coordination on simple and apparently
profitable rules may cause a market to collapse.
1. Introduction
The standard vision of the economy, enshrined in modern macroeconomic models, re-
mains one characterized by a static equilibrium state or where the economy is in a steady
state to which it returns when perturbed by an external shock. If the economy deviates
suddenly and considerably from such a state this can only be, according to the paradigm,
due to a major exogenous shock. This paper argues that such a framework is inappropriate,
examines briefly the mechanics of the current crisis and then proposes a simple model to
show how the adoption of locally rational rules by the participants in a market can lead to
a collapse at the aggregate level.
Before proceeding it is worth looking at the standard equilibrium approach. A first
problem with that view is that many models of the economy are characterized by multiple
equibria (for a comprehensive survey see Cooper (1999)). A seminal paper by Morris
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and Shin (2000) argued that radical changes or shifts between equilibria may result as a
consequence of small modifications in the structure of the system. This evolution may not
be simply reversible1. Such phase transitions cannot be corrected by remedial policies since
there is no steady state or equilibrium path but rather an evolution through a set of states.
A second question concerns the origin of shifts in a models’ parameters. As stated,
we have become accustomed in the macroeconomic literature to the idea that periodically
exogenous shocks temporarily knock the economy off course but that it eventually returns
to the steady state path. This vision has led to the study of impulse response functions2,
which are supposed to measure the consequence of the external shocks.
However, none of this fits well with accounts of the evolution of the recent sub-prime
crisis which we outline in the next section. In those accounts, words such as trust, contagion
and network are commonly used. Each of these terms suggests that we have to consider
the economy as an interactive system, which does not mean that markets cease to exist or
be important, but that peoples behavior in these markets is conditioned by the behavior of
others around them. This is what Shiller (2008) refers to as social contagion. Furthermore,
this evolution does not require a class of dishonest individuals who break the existing rules
or norms because doing so is to their advantage and they have fewer scruples than their
honest counterparts. In such a case one might just reflect on more effective regulatory
systems to control and punish such behavior. What is, in fact at work, is the process by
which what is acceptable changes, and it is this that underlies the collapse of such systems.
In all of this there is no villain, no proximate cause, just a system evolving with a collective
logic which does not correspond to that of the people who make it up.
In the next section we draw from recent accounts on the crisis in credit derivatives which
suggests that the diffusion of a certain type of behavioral rules among market participants
has played a major role. In brief, two self-reinforcing concomitant factors were at play:
On one side, the financial system was becoming less and less transparent. On the other,
market participants had fewer and fewer incentives to gather correct information, given the
increased costs of information and the apparent liquidity of the market. In the following
section we develop a simple model which reproduces this feedback mechanism. In the
model, the participants in a market for securitized assets are led to buy without verifying
the quality of the underlying assets, on the basis of their assessment of the likelihood that
others will buy these assets anyhow. We show that, as this practice develops the whole
system may finally break down. The final section discusses the results and offers some
concluding remarks.
1Economists are familiar with the idea of a system which evolves along a surface and then may, as a
result of a continuous change in variables slide suddenly on to a different surface. The applications of
catastrophe theory and later chaos theory to economics are illustrative of this (see Rosser (2000)).
2see, for example, Dridi et al. (2007) and Hall et al. (2009).
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2. The sub-prime crisis
The outbreak of the sub-prime financial crisis, which can be dated to March 2007 with
the revelation of losses by United States sub-prime investors Accredited Home Lenders
Holding and New Century Financials, is similar to the bursting of previous asset bubbles.
A number of in-depth studies have been produced since that time3. The following sketch
highlights how particular rules for economic activity took root and addresses the deeper
question, raised by Eichengreen (2008), which is “how this belief in the efficacy of self-
regulation was allowed to develop?”
Over the last thirty years there has been an explosion in the availability of credit
for home-owner and entrepreneurs in the United States. This burst has been fueled by
innovation in the financial sector and in particular by the advent of securitization. Following
Fabozzi and Kothari (2007), we now briefly sketch the process. We identify as the originator
a bank, or any financial intermediary, with a portfolio of assets on its’ balance sheet. These
assets represent loans to home-owner and entrepreneurs who make regular installment
payments (receivables) to the originator to clear their debts. A pool of these assets are
selected and transferred to a special purpose entity (SPE), who pays for them by issuing
securities. These securities are rated by credit agencies and bought by investors, who are
paid back by the SPE from the stream of receivables. Investors are allowed to trade these
asset backed securities (ABS) with others in a secondary market.
Securitization gained popularity amongst banks as it allowed them to diversity theirs
risks to a host of investors by the issuance of ABS via the SPE. As a result, banks were
able to remove assets from their balance sheet. This, in turn, meant that their capital
requirements – money that must be set aside to cover potential losses – were lower, thereby
shoring up their liquidity and investment capabilities.
The growth of the ABS issuance has been nothing short of meteoric. As noted by
Adrian and Shin (2009) in the second quarter of 2007, the total assets held by issuers of
ABS in the United States – which the authors collectively refer to as the shadow banking
system – was approximately sixteen trillion dollars and substantially larger than those held
by banks, which totaled approximately twelve trillion dollars. The growth rate of assets
for ABS brokers, especially since the mid 1980’s, has far exceeded those of commercial
banks to the point that the vast majority of home-owner mortgages are held within the
shadow banking system. As more and more prime rated home-owner took on mortgages,
the banks, being awash with liquidity, were more freely willing to underwrite mortgages
for home-owners rated sub-prime. Paradoxically, as further discussed by Adrian and Shin
(2009), many of the purchasers of the securities turned out to be the banks themselves.
We identify some of the factors that contributed to this exponential growth as follows.
3See, for example, Ashcraft and Schuermann (2008); Dell’Ariccia et al. (2008); Acharya and Richardson
(2009); Adrian and Shin (2009); Hume and Sentance (2009) and Smaghi (2010).
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• Investors adopted an decision rule whereby investments were made solely on the basis
on publicly available signals and without performing independent credit analysis.
Partly this was due to over-reliance on the information provided by rating agencies456.
• The secondary market for ABS – and mortgage based securities (MBS), in particular
– was generally perceived to be liquid7. Hence buying MBS became acceptable,
under the assumption that others considered MBS to be liquid (and hence tradable).
This in turn reinforced the assumption that MBS were liquid. Therefore, as more and
more investors adopted this rule i.e., trading in ABS without conducting independent
credit analysis, it became profitable for others to follow suit and adopt the same rule
in turn.
• A similar failure in information gathering also characterized the sub-prime mortgage
market (see Rajan et al. (2008)). The increased distance between risk origination
(the sub-prime borrowers) and risk bearers (investors holding the ABS), induced
intermediaries to grant sub-prime loans without appropriate due diligence concerning
the reliability of borrowers. In other words, the network linking lenders and borrowers
grew and evolved to increase opacity in the system. Despite the increased connectivity
and density, information did not flow.
4The role of credit agencies in facilitating the smooth operation of financial markets may be summarized
as correcting the problem of asymmetric information, first analyzed explicitly, in the context of a used-
car market by Akerlof (1970). The issuer of an ABS typically has more information on the value of the
underlying asset, and hence its price, but does not share this information with the buyer. Instead, the
buyer is quoted a certain price and must determine whether this reflects the true value. Rating agencies,
as independent third-party entities should, in principles, circumvent the conflict of interest between buyers
and sellers by providing an impartial assessment of the asset. In practice, however, rating agencies are not
paid for their services by the investors but instead by the issuers of these securities. Thus, contrary to the
original concept, there is a direct conflict of interest which leads to a friction whereby investors are unable
to determine whether the rating agencies are being honest or not. Indeed, similar questions as to the moral
hazards for rating agencies were raised (see Cheung and Tam (2009)) in the aftermath of the East-Asian
crisis of 1997. A detailed analysis of the various effects related to asymmetric information and moral hazard
is provided by Ashcraft and Schuermann (2008).
5The Financial Stability Forum (2008) observed that “[...] some institutional investors have relied too
heavily on ratings in their investment guidelines and choices, in some cases fully substituting ratings for
independent risk assessment and due diligence.” As a reaction to this document, some organizations (like
the European Fund and Asset Management Association) laid out guidelines to avoid the over-reliance on
ratings agencies.
6In September 2009, the U.S. Securities and Exchange Commission (2009), voted to regulate ratings
agencies better. The chairman of the Commission, Mary Schapiro, said, “These proposals are needed
because investors often consider ratings when evaluating whether to purchase or sell a particular security.
That reliance did not serve them well over the last several years.” See also Adrian and Shin (2009).
7The Bond Market Association, an organization which does not exist any longer, issued an “Investor’s
guide to mortgage backed securities” in 2002, which explicitly declared that over-the-counter markets for
MBS and credit-card based securities were liquid markets. See also Sabarwal (2006).
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These conditions coupled with the spread of such seemingly rational rules amongst
investors, led to a failure of markets to aggregate signals and reveal information on the
fundamental value of assets. As a result, investors, seemingly blindly, bought into the ABS
market and unwittingly assumed far greater risks.
Indeed, the dire consequences of these developments were made painfully apparent
when the sub-prime mortgage bubble burst and a financial crisis developed. As economic
conditions in the United States started to cool down in the mid 2000’s, in response to
contractionary monetary policy, defaults on mortgages in the sub-prime sector increased.
This together with the impact of the resultant decline in real-estate prices meant that it
became more difficult to re-sell the property to recoup the original value. This, in turn
meant that the price of all the securities diminished since it was not clear which were
“toxic”. As the prices of securities plummeted, investors started losing trust in the future
profitability of the issuers of securities and chose instead to horde their liquidity. This
resulted in a freeze of the credit and credit derivatives markets, thereby causing a large
increase in ABS spreads.
This story of asymmetric information and herding of investors is endemic to all previous
asset-pricing and credit bubbles, including the 1920’s telecommunication, as recounted by
Eichengreen and Mitchener (2003), and the 1990’s dot-com boom and subsequent burst.
In the most recent crisis it has become clear that the problem was exacerbated by the
collective ”decision” not to gather information.
3. The model
Our goal is to model the general mechanism whereby investors, as a rule, trade secu-
rities without giving due diligence to fundamental information. The rationale motivating
investors is simply that it is profitable to adopt this rule, because other investors have
already adopted it.
The system consists of i = 1, . . . , N agents, which, in the case of the sub-prime crisis,
we can think of as the banks who were both the issuers– via SPEs – and the investors in
these ABS. Each agent i is characterized by a variable zi ∈ {0, 1} which specifies whether
she follows (zi = 1) or not (zi = 0) the following behavior, or rule for short:
purchase an ABS, relying on signals from the rating agencies, without indepen-
dently evaluating the fundamental value of underlying assets
Succinctly, we write
zi =

1 if agent follows the rule
0 if agent performs independent risk analysis
(1)
The rationale for adopting the rule, as we will see, is not based on the fundamental
quality of the asset but rather on the fact that others also follow the rule. If, in fact,
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enough other participants do so, the agent becomes convinced, not irrationally that the
ABS is highly liquid and hence easy to trade.
Let us assume that the ABS is toxic with probability p. By toxic we mean, for example,
that the underlying asset was incorrectly graded and that the original borrower of loan has
already defaulted or has a higher probability of defaulting. The cost of purchasing a security
is c < 1 whereas the payoff from successfully re-selling the security is normalized to unity8:
check & toxic no check
zi = 1 −c 1− c
zi = 0 −χ 1− c− χ
(2)
Agents are linked together with trading partners in a financial network. Let Ni be the
set of neighbors9 of agent i and ki = |Ni| its cardinality. This captures the fact that the
secondary market for trading ABS and other credit derivatives is not centralized but instead
takes place over-the-counter with traders in one firm directly calling up other traders to
sell their securities (see Sabarwal (2006)). The limit where Ni coincides with the set of all
agents corresponds to the case of a centralized market.
When agent i receives an offer to buy new ABS, she considers whether or not to follow
the rule. The line of reasoning she pursues is to first determine the probability that, if
she adopts the rule and subsequently attempts to re-sell the security, the potential buyer,
agent j will refuse to buy the security. This will be because agent j does not follow the
rule and, as such, may verify that the underlying asset is toxic and, hence, not liquid. In
this event, agent i will incur a loss of c with probability p(1−zj), where j ∈ Ni is the index
of the potential buyer. The expected payoff to i from following the rule, i.e., zi = 1, is
ui(zi = 1) = E [−p(1− zj)c+ [1− p(1− zj)](1− c)]
= 1− p(1− z¯i)− c , (3)
where z¯i = E[zj ] is the expected value of zj for j ∈ Ni. We assume that the probability p
that assets are toxic is known to agents10. When agent i buys the asset, she does not know
ex ante to whom she will sell the security nor which neighbors follow the rule. In other
8A more detailed derivation of the payoffs is as follows: An agent buys a security at price p0. If she
re-sells it right away, i.e., the subsequent buyer follows the rule or she performs the risk analysis and verifies
that the asset is not toxic, the security is sold for the price p1 > p0. Hence the payoff in this case is
1− c = p1− p0. If she does not sell, she will nevertheless receive future coupon payments from the issuer of
the security. However, discounting for degradations in the assets’ rating and also time, the effective price
of the security held by the agent is p2 < p0 and hence the payoff is −c = p2 − p0. If one takes p1 = 1 + p2
and p0 = p2 + c this is the model in the main text. This choice has the advantage of reducing the number
of parameters by one.
9The network may be directed as the set of traders agent i buys from need not be the same set to whom
she sells securities.
10The case where agents rely on over-optimistic estimates of default probabilities, such as those issued
by rating agencies, can be dealt with easily. The final section comments briefly this issue.
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words, agent i cannot observe the type zj of her neighbors, but can instead estimate the
probability z¯i that a buyer in her neighborhood follows the rule. For simplicity, we take
z¯i =
1
ki
∑
j∈Ni
zj .
The expected payoff to agent i from not following the rule is ui(zi = 0) = (1 − p)(1 −
c) − χi. Here χi > 0 is the cost of gathering information. The rationale here is that, if
agent i determines the asset to be toxic, she will only incur the cost of performing the risk
analysis. If the asset turns out not to be toxic, with probability 1− p, she will be able to
easily re-sell the security and hence the payoff is 1− c− χi.
In sum, the best response of agent i, when she gets the opportunity of buying a new
ABS is:11
z∗i = Θ[ui(1)− ui(0)]
= Θ
p
 1
ki
∑
j∈Ni
zj − c
+ χi
 . (4)
We model the dynamics, starting from any given set of initial conditions for zi as follows.
At each time t, we randomly select agents i and j whereby i receives an offer to buy an
ABS from j. Agent i updates her value of zi as the best response z′i = z
∗
i . This dynamics
goes on until the population reaches a fixed point.
In order to probe the stochastic stability of fixed points, it is useful to generalize the
dynamics introducing a probabilistic choice model. A standard way of introducing such
stochastic trembles12 consists in replacing Eq. (4), in the dynamics, by a probabilistic
choice of the logit type:
P{zi = 1} = e
Bui(zi=1)
eBui(zi=0) + eBui(zi=1)
. (5)
The parameter B modulates the randomness in the choice and is often referred to as
intensity of choice. In the limit B →∞ the choice model Eq. (5) reduces to Eq. (4).
Numerical simulations based on the dynamics with both Eq. (4) and Eq. (5), are
presented in Fig. 1. The state where everybody follows the rule (zi = 1, ∀i) is a fixed
point of the B →∞ dynamics for all values of p. Indeed, when everybody follows the rule,
11Θ(x) = 1 for x > 0 and Θ(x) = 0 otherwise.
12This model has been also proposed in order to capture the trade-off between exploration of new rules
and exploitation of already found ones by Weisbuch et al. (1998).
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Figure 1: Prevalence p¯i = E[z] of rule followers, as a function of p, for a model with c = 0.9, k = 11 and
an exponential distribution of χi with mean 0.01. The results of numerical simulations (best response) are
compared with the theory (full line). Results for noisy best response P{zi = 1} = eBui(1)/(eBui(1)+eBui(0)),
with B = 200, 500, 800 and 1000 are also shown.
no trade is ever refused, independently of the quality of the assets, precisely because no-one
checks for it. For large values of p, however, this fixed point coexists with one where most
of the agents perform their independent credit analysis (zi = 0).
Fig. 1 also shows, however, that the rule dominated equilibrium loses stability for high
p, if the intensity of choice parameter B is not large enough. For intermediate vales of B,
as p increases, one has a sharp transition from the state where the vast majority follows
the rule, to a situation where most of the agents don’t.
To appreciate how this model leads to herding, imagine starting from a market in which
there are only fundamentalists, i.e., no one follows the rule (zi = 0 ∀i). Those agents with
cost χi > pc will find it profitable to adopt the rule. A large cost may be understood as
the securities being very complex, for example after multiple repackaging. This, in turn,
this will make it appear to be profitable for some of their neighbors to also follow the rule
and similarly for the neighbors of these neighbors. If the rule spreads to the extent that
z¯ > c all agents, even those for whom information is available for free, will follow the rule,
then no one will look for information.
3.1. Mean field analysis
We may shed further light on the results of numerical simulations using a mean field
analysis for the theory. We limit our analysis to the case where B →∞. Furthermore, we
consider, for the sake of simplicity, a network with homogenous degrees, i.e., ki = |Ni| = k.
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Defining pi(χ) = P{zi = 1|χi = χ} to be the probability that agent i follows the rule, given
a cost for information equal to χ, we have that
pi(χ) =
∑
`>(c−χ/p)k
(
k
`
)
p¯i`(1− p¯i)k−`, p¯i = Eχ[pi(χ)] . (6)
The probability that a randomly chosen neighbor of agent i follows the rule is given by p¯i.
Considering Eq. (4), the probability that i adopts the rule is simply the probability that
at least (c− χ/p)k other neighbors follow the same rule.
Taking the expectation of Eq. (6) over costs χ one gets the following self-consistent
equation for p¯i.
p¯i = F (p¯i) = Eχ
 ∑
`>(c−χ/p)k
(
k
`
)
p¯i`(1− p¯i)k−`

=
k∑
`=0
(
k
`
)
p¯i`(1− p¯i)k−`P{χ > p(c− `/k)} . (7)
The solution of these equations are shown in Fig. 2 for different values of p, where
for small p, the solution p¯i = 1 is the only fixed point. For p > pc the fixed point p¯i = 0
appears, with a basin of attraction (the interval in p¯i where F (p¯i) < p¯i) that grows with
p. However, noting that since F (p¯i = 1) = 1, the fixed point p¯i = 1 is, in fact, always a
solution.
The mean field solution accurately matches the results of numerical simulations, as
shown in Fig. 1. The costs χi are drawn from an exponential distribution. For this
choice, it is possible to obtain further results in the limit k  1, where we approximate the
binomial distribution with a delta-function of `/k − p¯i. Consequently, Eq. (7) reduces to
p¯i ∼= P{χ > p(c− p¯i)} = min
{
1, eλp(c−p¯i)
}
, (8)
where 1/λ is the mean value for the exponential distribution of costs χi. The solution
with p¯i < 1 exists for large p and it ceases to exist when F ′(p¯i) = 1. The latter equation,
combined with p¯i = F (p¯i), implies that the boundary of the coexistence region is given by
the equation
λp = eλpc−1 (9)
and, more precisely, by the largest root (in p) of this equation. This is shown in Fig. 3.
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Figure 2: Function F (p¯i) in the rhs of Eq. (7), as a function of p¯i, for different values of p
(0.1, 0.01, 0.005, 0.002 and for 0.001). Here χ = χ0 = 0.01 for 80% of the population, whereas the
remaining minority has χ = 0. k = 11 and c = 0.8. For this particular choice of the distribution of χi, the
phase diagram is shown in Fig 3.
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Figure 3: Phase diagram in the (c, p/E[χ]) plane for a model with an exponential distribution for χ.
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4. Discussion
It has been forcefully argued by Shiller (2008) and others that, by 2007 considerable
evidence as to the bad credit quality of sub-prime based ABS had been steadily accumu-
lating. In addition, falling prices in the housing market, made it more difficulty to recover
the investment in defaulted loans. These two processes, in our stylized model, correspond
to increasing p and increasing c, respectively. In both cases, one expects a sharp transition,
for intermediate vales of B, from the state where the vast majority trades without gather-
ing information on the underlying assets, to a situation where most of the agents actually
perform independent credit analysis (see Fig. 3).
It can be argued that default probabilities were grossly under-estimated by rating agen-
cies. This was partly due to misaligned incentives arising from the fact that rating agencies
were paid by the very issuers of the securities they were rating. This would suggest, within
the na¨ıve picture of the crisis provided by our model, that investors were basing their choice
of whether to adopt the rule or not on the basis of a hypothetical value of p which was
lower than the real one. Eventually, however, the disclosure of information on defaults of
sub-primes and revelation of losses in financial institutions percolated through the market,
which quickly realigned investors’ beliefs (i.e. p). This suggests that the increase in p the
perceived probability of toxicity, might have been sharp rather than gradual, in the crisis.
A further element worth mentioning again, relates to the cost of information. With
the introduction of more and more innovations in financial engineering of securitization,
financial products became more and more complex. The cost of assessing the quality of
credit derivatives has in consequence, been increasing in the last decade. This made it even
more relatively profitable to follow the rule of trading without conducting credit analysis
as opposed to undertaking the latter13. Lastly, this raises the possibility of the emergence
of a third strategy, which is simply not to participate in the market at all, if the cost of
finding information is high and the value of underlying assets whether toxic or not is falling
then traders may simply wish to become inactive. This would account for the “freezing” of
the market for these assets. Nevertheless, there is still hope for the prospects of remedial
regulation with the introduction of appropriate Pigovian taxes, as outlined by Morris and
Shin (2008).
Finally, the argument of this paper can be summarized as saying that the following
of simple but not irrational rules by market participants can lead a market into a fragile
state in which the very justification of the rules is undermined. Small changes in the
macroeconomic environment coupled with the contagious spread of behavioral rules can
gradually but almost imperceptibly undermine the system. Unfortunately, the result of
these gradual changes can be catastrophic at the aggregate level.
13The particular case discussed in Eq. (9) makes this point clear. Indeed, if the average cost 1/λ of
information increases, the phase transition line moves upwards.
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